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Linkage disequilibrium (LD) plays a central role in current and proposed methods for mapping complex
disease genes. LD-based methods work best when there is a single susceptibility allele at any given disease
locus, and generally perform very poorly if there is substantial allelic heterogeneity. The extent of allelic
heterogeneity at typical complex disease loci is not yet known, but predictions about allelic heterogeneity
have important implications for the design of future mapping studies, including the proposed genome-wide
association studies. In this article, we review the available data and models relating to the number and
frequencies of susceptibility alleles at complex disease loci—the ‘allelic architecture’ of human disease
genes. We also show that the predicted frequency spectrum of disease variants at a gene depends crucially
on the method of ascertainment, for example from prior linkage scans or from surveys of functional
candidate loci.

One of the central challenges in modern human genetics is to
unravel the genetic basis of human diseases and other
phenotypes of interest. Apart from the inherent interest in
understanding the biological determinants of phenotypic
variation, it is hoped that this work will lead to important
medical advances (1). Most notably, determination of the
genetic variants involved in a particular disease should provide
new insight into the disease etiology, may suggest novel
pharmaceutical targets, and could lead to genetic screening to
identify individuals at increased risk.
The genetics community has achieved great success in
finding the genes that are responsible for a wide range of
Mendelian diseases (2). In contrast, the search for complex
disease genes has been relatively frustrating (3), despite intense
research effort in both the academic and commercial sectors.
Linkage mapping, which is a powerful tool for finding
Mendelian disease genes, often produces weak, and sometimes
inconsistent, signals in complex disease studies (4). To date,
only a few variants that contribute to complex diseases have
been conclusively identified.
At the present time, little is known about the determinants of
complex diseases. For a given disease, an individual’s risk
probably depends on some unknown function of genetic,
environmental/lifestyle and stochastic factors. For some complex diseases, there are closely related monogenic forms
[e.g. MODY genes for diabetes (5)], but typically it seems that
no single factor is either necessary or sufficient for disease.
This, in essence, is the challenge of complex disease mapping:
the marginal increase in risk due to the at-risk genotype at a
disease gene is quite small. To succeed in finding complex

disease genes, a study must detect a relatively weak statistical
signal, and choices in study design can potentially have a
dramatic impact on the probability of success (6).
The focus of this article is on the allelic architecture of
complex disease genes, because this is a critical factor in
determining which study designs will be most successful. By
‘allelic architecture’, we refer to the number of distinct alleles
that impact disease susceptibility at a given disease locus, and
their frequencies. A full description of allelic architecture
would also include the penetrances of all the genotype
combinations, but little is known about this. Instead, we
describe predictions for a rather simple model with two
equivalence classes of alleles: ‘normal’ (N ) and ‘susceptibility’
(S ) alleles, where S alleles lead to increased disease risk (7).
We focus mainly on two quantities that are especially relevant
for study design: (i) the total frequency of S alleles and (ii) the
degree of allelic identity (8) (inversely related to the number of
alleles) within the S class. Both of these quantities are actually
random values that depend on the outcome of the evolutionary
processes of mutation, selection and random drift, so it is most
accurate to talk about the distribution of outcomes (7,9).
A popular hypothesis about allelic architecture proposes that
most of the genetic risk for common, complex diseases is due
to disease loci where there is one common variant (or a small
number of them) (8,10,11). If true, the ‘common disease–
common variant’ (CDCV) hypothesis implies that association
mapping should be a powerful tool for detecting complex
disease loci of small effect, and provides an important impetus
for the Haplotype Map Project, and the proposed genome-wide
association scans of the future (6,12). Alternatively, if there is
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substantial allelic heterogeneity (low allelic identity) at each
locus, association mapping will be much more difficult,
because each new mutation arises on an independent haplotype
background, and the different mutations tend to cancel out each
other’s signals (13).
This article provides an overview of current information
about the allelic architecture of human disease genes, based on
both empirical data and theoretical models. We also discuss
some of the implications for disease gene mapping.

EXAMPLES FROM KNOWN DISEASE GENES
Mendelian disorders
There are now extensive data on the allelic architecture of
Mendelian disease genes (2,8,14). For Mendelian diseases,
the total frequency of susceptibility mutations is usually very
low (usually  1%). For the vast majority of Mendelian
diseases, the overall mutation frequency is probably determined
by mutation–selection balance, i.e. by a balance between the
input of new mutations and purifying selection that removes
them (8,15).
Mendelian disorders often feature extremely high levels of
allelic heterogeneity. For example, a study of 424 UK families
with Haemophilia B found 167 distinct mutations, and
concluded that there had been at least 302 independent
mutation events (16). The most frequent mutation thought to
derive from a single common ancestor was present in just 5%
of the families. In contrast, cystic fibrosis (CF) has one major
allele, DF508, that is relatively common, accounting for 67% of
European CF chromosomes. There are also many rare CF
alleles; one large study identified 272 different mutations
among 27 000 CF chromosomes (17). Overall, there is a strong
trend towards decreased allelic heterogeneity as the overall
frequency of disease mutations increases (8); we return to this
observation later in the article.
A small number of Mendelian mutations are at frequencies
>1% in the general population. For several of these, it has been
proposed that the higher frequencies may be the result of past
selection in favour of heterozygotes. For example, b-globin
defects that lead to sickle cell anaemia protect heterozygotes
against malaria (15). More controversially, it has been
suggested that carriers of the DF508 mutation enjoyed a
selective advantage in past epidemics of cholera (18,19).

Complex traits
In contrast to Mendelian diseases, much less is known about
the properties of complex disease genes. Thus far, relatively
few susceptibility variants for complex diseases have been
unambiguously identified. Moreover, the few variants that have
already been found may not be representative of complex
disease variants in general. It is quite likely that these early
successes are ‘low-hanging fruit’—that is, the susceptibility
variants are probably more penetrant, and may have simpler
allelic architecture than most complex disease genes.
Nonetheless, it is of interest to review the properties of some

of the loci found so far; the following list is not exhaustive,
but provides some indication of the diversity of allelic
architectures.
A favourite example used by the CDCV proponents is the
APOE locus, where a single common allele (known as e4)
increases risk to Alzheimer disease and heart disease (20). The
e4 allele is at frequencies in the range 0.05–0.41 in various
populations (21). The PPARg locus, implicated in type 2
diabetes, also has a single major susceptibility variant (the
Pro12Ala polymorphism), but this is at very high frequency
(0.85) (22), as is the tandem repeat variation (VNTR) at the
INS locus that is associated with type 1 diabetes (frequency
0.75) (23). The allelic architecture at the NOD2 locus, involved
in Crohn’s disease, is rather more complicated, including
several nonsynonymous mutations and a frameshift mutation,
each at frequencies 1% in controls, and with a total frequency
of susceptibility mutations of 10% in the general population
(24,25). In contrast to APOE, NOD2 and PPARg, the apparent
role of the CAPN10 locus in type 2 diabetes (26) cannot be
explained by non-synonymous mutations. Instead, the mechanism seems to be strikingly complex, with individuals who carry
a particular pair of discordant haplotypes showing significantly
increased risk. The two haplotypes are defined by combinations
of three non-coding single-nucleotide polymorphisms (SNPs),
and are at frequencies of 0.32 and 0.23, respectively, in the
study population of Mexican Americans.
In summary, the available sample of known complex disease
genes is too small, and possibly too biased, to draw general
conclusions about the allelic architecture of complex trait
genes, but the available examples are interesting for the
diversity of architectures that they represent.
One additional observation that may be relevant is the fact
that positional cloning of the genes responsible for linkage
signals has proved so challenging up to now. This is despite the
efforts of many groups, working on many different diseases. A
possible explanation is that most genes are hard to find because
they have complex allelic architecture, but we cannot exclude
the possibility that these studies have low power for other
reasons.

Impact of selection
A curious feature of the APOE locus is that the e4 allele that is
associated with increased risk for various diseases is actually
the ancestral allele (21). Similarly, we noted above that the
PPARg and INS variants that increase susceptibility to disease
are at very high frequency. Again, we should be cautious about
the impact of the ascertainment bias described above, but these
observations seem surprising under a model where the
susceptibility alleles are purely deleterious, as one might
imagine for disease-susceptibility alleles. [For a discussion of
selection in late-onset diseases, see (7).] An alternative
hypothesis is that variants involved in certain modern diseases
may have been subject to frequency-dependent selection, or
fluctuating selection in the past [as with the ‘thrifty genotype’
hypothesis for diabetes (27), and the b-globin and CF examples
described above]. In the next section, we focus on population
genetic models of allelic architecture. The available work
focuses on models of strictly deleterious variation; however, the
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latter observations suggest that other types of selection may
also be important.
THEORETICAL MODELS
It is possible to gain further insight into the likely allelic
architecture of complex diseases using theoretical models
(7–9,28). The basic idea is to construct simple models of the
genetics of a disease, as well as the evolutionary processes of
selection, mutation and genetic drift. Analysis of these models
should provide insight into the likely properties of the allelic
architecture of complex disease loci. Clearly, such models are a
simplification of the complexities of real life, but the hope is
that the models capture the most salient features for most loci.
We start by assuming that in the genome there are L genes
that, if mutated, could contribute to susceptibility for the
disease of interest. At each locus, there are two possible classes
of alleles: ‘normal’ (N) and ‘susceptibility’ (S) alleles (7,9).
There is a mutation rate from N to S alleles, and a (much lower)
reverse mutation rate. There is also the possibility of weak
purifying selection against S alleles. Pritchard (7) provides
further discussion of these modelling choices and their
implications.
For population genetic modelling, it is also necessary to
make some assumptions about population history. The simplest
model assumes a random-mating population with a constant
effective size Ne (usually estimated to be 10 000 for humans).
This model ignores various complexities, including, notably,
the dramatic increase in human population size to present
numbers, which is predicted to impact the allele frequency
distribution (8). The timing and magnitude of the population
growth is somewhat controversial (8,29–35); however, it seems
that the impact of growth may be modest enough that, apart
from low frequency variants (discussed below), the constant
population size model may provide an adequate approximation
to the overall frequency spectrum (33).
There are three main parameters in this model: the mutation
rate to susceptibility alleles, per gene, per generation (mS), the
reverse mutation rate (mN), and the strength of purifying
selection against S alleles (s) (7,9). It turns out that the mutation
rate to disease alleles (mS) is a critical parameter in determining
the allelic architecture. In particular, higher mutation rates lead
to greater allelic heterogeneity. Two approaches have been used
to predict mS for complex disease loci. The first is to assume
that mutation rates at Mendelian loci are typical of those at
complex disease loci (7,8). This assumption could lead to
underestimates, since there may be more sites in a complex
disease gene that can produce low-penetrance mutations than
sites in a Mendelian gene that can produce highly penetrant
Mendelian mutations. The second approach is to estimate the
number of sites in a typical gene that could mutate to produce
susceptibility mutations, and then multiply by a per-site
mutation rate (7); this obviously involves considerable
uncertainty as well. Reich and Lander (8) estimated a range
of mutation rates of 107–104, and used the geometric mean
of 3.2  106 in their analysis. Pritchard (7) estimated a range
of 2.5  106–1.3  104, but argued that the upper part of this
range was most relevant.
In population genetics, it is conventional to rescale the
mutation and selection rates by 4Ne because this factor appears
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in all the mathematics (15,36); hence we define the scaled
forward and reverse mutation rates bS ¼ 4NemS and bN ¼ 4NemN,
and selection rate s ¼ 4Nes. The Reich and Lander (8) estimate
of bS is 0.13 (prior to population expansion), and the Pritchard
(7) range is 0.1–5.0.
Total frequency of susceptibility mutations
When there is strong selection, as for Mendelian diseases, the
overall frequency of susceptibility mutations, p, is determined
by a balance between mutation and selection. Mutation creates
new alleles, while selectionpacts
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ to remove them. The
equilibrium frequency is p ¼ bS =s for recessive mutations
and p ¼ bS/s for dominant mutations (15). Notice that this
equilibrium for p does not depend on population size; it
assumes that selection is strong, and stochastic effects
including drift are ignored.
Mutation–selection balance is only an appropriate model for
genes where the equilibrium value of p is quite low [e.g., <1%;
but see ref. (8)]. If the equilibrium for p is assumed to be large
then, for plausible mutation rates, this implies that the strength
of selection is very weak. With weak selection, the stochastic
effects of mutation and genetic drift start to dominate and as
described below, most loci will not actually be close to the
deterministic equilibrium.
When selection is weak, as seems likely for many complex
disease mutations, genetic drift becomes important, and the
total frequency of susceptibility mutations, p, is expected to
vary widely among loci. Under this model, the probability
distribution for p can be written down in a simple form, first
obtained by Sewall Wright (7,36,37). The red lines in Figure 1
show examples of this frequency distribution for three sets of
parameter values. In the examples, the forward mutation rate bS
takes the suggested values of 0.1 (8), and 1.0 (7). The reverse
mutation rate, bN, is set substantially lower (0.01), as expected
on biological grounds (7).
These lines illustrate several important points. First, for most
parameter values, the vast majority of the probability mass is on
p near 0 (or sometimes near 1, depending on s) (7). To put this
another way: there may be many genes in the genome that
could impact disease risk, if mutated. However, the vast
majority of these are likely to have very low variability, and
hence they contribute little to the inherited variation in risk.
Using parameter values that were loosely based on autism,
Pritchard (7) found that for a particular model with 100 loci, the
vast majority of the variation in genetic risk was due to just 5
loci; these are the loci that happen, by chance, to be more
variable than average. The model predicts that most loci that
are good biological candidates will not have S alleles at
intermediate frequencies. This prediction seems to be reasonably robust unless (i) the mutation rate bS is higher than
expected or (ii) selection favouring heterozygotes is surprisingly common (7).
A second point is that mutation rates and the strength of
selection are likely to vary substantially among loci. Recall that
the mutation rate that matters here, bS, is the total rate of
mutation to S alleles for the entire gene. bS is sure to vary
widely, since different genes will have different numbers of
sites that can mutate to produce susceptibility alleles. Genes
with high mutation rates and weak purifying selection are
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Figure 1. The distribution of the total frequency of susceptibility mutations: (red) at a random disease locus and (blue) at a disease locus that has been detected by a
linkage scan. Each line shows the probability density of the total frequency of S alleles (i.e. the probability that the allele frequency lies between frequencies p1 and
p2 is the area under the curve between p1 and p2). The three pairs of lines correspond to different mutation rates and levels of purifying selection. The red lines show
the background distribution of allele frequencies at random disease loci. Unless the mutation rate bS is very high, allele frequencies at most random disease loci are
near 0 (or sometimes near 1) under this type of model. But when using linkage mapping to find low-penetrance alleles, we only have power to detect loci with
intermediate frequencies. The blue lines show the posterior distributions of allele frequencies given that the locus was detected using affected sib pairs. Notice that
these distributions are substantially shifted towards higher frequencies. The plots assume the model of Pritchard (7), with forward and reverse mutation rates bS and
bN and strength of selection s shown in the key (bs, bn and sigma, respectively). The blue lines were computed using that model as a prior in combination with the
model and methods of Risch and Merikangas (6), with a multiplicative risk factor g ¼ 3.0 per allele, and assuming that a P-value of 104 was obtained using 300
affected sib pairs with perfect inheritance information.

considerably more likely to have S alleles at intermediate
frequency, and hence the loci that contribute most to population
risk will tend to have higher mutation rates than average (7).
Lastly, we point out that standard mapping techniques, such
as linkage mapping and association mapping, only have power
to detect low-penetrance alleles at loci where the class of S
alleles is at intermediate frequency (6). Thus, even though most
loci may have very low frequencies of S alleles, the frequency
distribution at loci that we actually find by linkage mapping is
strongly skewed towards intermediate frequencies (blue lines in
Fig. 1), compared with the background distribution (red lines).
Allelic heterogeneity of susceptibility mutations
We now turn our attention to the distribution of S alleles within
the susceptible class. This does not affect linkage mapping, but
is important for association mapping, where allelic heterogeneity can be a severe problem (13).

Classical results from population genetics provide the
distribution of frequencies of neutral alleles (15,36). The
probability that two alleles, chosen at random from a
population of constant size, are identical (allelic identity) is
1
;
1 þ 4Ne m
where m is the total mutation rate to new alleles. The expected
number of distinct alleles in a random sample of n
chromosomes is
n1
X
4Ne m
4N
em þ i
i¼0

The complete distribution of the allele counts is given by the
so-called Ewens sampling formula, and is also a function of
4Nem (36).
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A remarkable result is that these same expressions, originally
derived for the entire population, hold for the allelic
distribution within the susceptible class, after substituting
bS(1-p) in place of 4Nem (8,9,28). The result holds provided
that all S alleles are selectively equivalent.
It is clear from these expressions that bS plays a central role
in determining the degree of allelic heterogeneity. If bS is small
(0.1, say), then the predicted allelic identity is very high. For bS
in the upper part of the predicted range (from 1 to 5), the
expected allelic identity is considerably lower. Another way to
look at this is to ask what proportion of the total class of S
alleles is made up by the single most common allele. For
bS ¼ 0.1, the most common S allele represents 94% of all
susceptibility alleles, on average. This drops to 65% and 33%
as bS increases to 1.0 and 5.0, respectively (7). As described
above, the upper part of this range may be most relevant,
because such loci are much more likely to be polymorphic. In
summary, it is predicted that at many loci the levels of allelic
heterogeneity may be high enough to be a non-trivial
impediment to association mapping. However, under the model
of constant population size, extremely high levels of heterogeneity are not expected, unless bS is surprisingly high.
But the theory described above for constant population size
does not work well for the allelic distribution at Mendelian loci,
where (i) there is often extreme allelic heterogeneity, as
described above for haemophilia B (16), (ii) the sampling
properties and ages of susceptibility alleles often do not fit
neutral expectations (28,38) and (iii) the level of allelic
heterogeneity is strongly inversely related to the overall
frequency of S alleles (8). Reich and Lander (8) argued that
these findings can be explained by the impact of population
growth. In effect, population growth increases bS, so that bS is
perhaps 105 times higher today than the long-term average
value of bS  1. The time-scale for changes in the level of
allelic heterogeneity depends on the total S-allele frequency, p.
Loci where p is very small adjust to the increased population size quite quickly, while loci with higher p (e.g. >0.01),
adjust much more slowly (8). This means that while the
recent population growth seems to have had a dramatic impact
on the frequency distribution for very rare Mendelian
mutations, greatly increasing the extent of allelic heterogeneity,
it has probably had little impact for loci with higher frequencies
of S alleles (8).
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intermediate frequencies. However, these loci are likely to
contribute much of the total variance in risk, and hence they are
the loci that could possibly be detected by linkage studies
(Fig. 1).
Conversely, when a study focuses on functional candidates,
the probability that a given locus will have variants at
intermediate frequencies is low. It is far more likely that the
variation will be rare, and, if so, it may be as heterogeneous as
many Mendelian diseases, for the reasons described above (8).
Studies should be designed accordingly. Genotyping a small
number of common SNPs is likely to have low power, unless
the candidate happens to be one of the rare genes with common
variants. In particular, if the candidate locus lies in a region that
has not previously produced suggestive LOD scores, this
further argues against the presence of common variants, unless
they have quite low penetrance, in which case large sample
sizes will be required.
The results of diabetes studies carried out thus far are
reasonably consistent with these expectations. While many
different polymorphisms across the entire spectrum of allele
frequency have at one time or another been reported to show
association with diabetes and related phenotypes, only a couple
of these are widely accepted as affecting susceptibility to
diabetes, both identified through candidate gene studies. As
noted above, the Pro12Ala polymorphism at the PPARg locus
has a rather high frequency allele increasing susceptibility to
type 2 diabetes (22). This variation would not generate
evidence for linkage using typical sample sizes, but rather
was identified through candidate gene studies. Similarly, the
variation at the INS VNTR that is associated with susceptibility
to type 1 diabetes has relatively high frequency in populations
of European descent and was discovered through candidate
gene studies (23,39). Evidence for linkage was negligible at
INS until more recent studies were conducted on very large
numbers of families (>700) (40). The only variation for type 2
diabetes thus far reported to be identified through a positional
cloning study (based originally on a linkage signal) is at
CAPN10 (26,40). The variation at CAPN10 hypothesized to
increase risk of type 2 diabetes does occur at intermediate
frequency in the population in which substantial evidence for
linkage in this region was observed.

DISCUSSION
LINKAGE MAPPING VERSUS FUNCTIONAL
CANDIDATES
The results described in the previous section lead to a crucial
point: a gene association study that begins by looking at a
priori functional candidates is looking, on average, for a
different class of variants than is a positional cloning study that
started from a significant linkage signal.
The theoretical results imply that at most disease loci, we
expect the cumulative frequency of all contributing alleles at a
particular locus to be in the very low or very high range (near 0
or near 1). Overall, each of these loci will contribute little to the
population risk for disease. Only a relatively small subset of
disease loci are likely to have susceptibility alleles at

As we noted at the start of this article, the allelic architecture of
complex diseases is a critical unknown in the design of gene
mapping studies of the future, including, in particular, the
proposed genome-wide association studies. Many Mendelian
disorders display extreme levels of allelic heterogeneity that
would doom LD-based techniques for finding low-penetrance
complex disease variants. The CDCV hypothesis represents the
best-case scenario for large-scale association mapping, so it is
important to ask whether this hypothesis is unreasonably
optimistic. In particular, why should the architecture of
complex disease loci differ from that of Mendelian loci?
Mendelian disease mutations are highly penetrant, and
usually under very strong selection, which keeps them at low
frequencies. Susceptibility variants involved in complex
diseases seem to have low or medium penetrance, and are
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probably not subject to such strong selection. This suggests one
crucial difference: it is possible for the class of S alleles at a
complex disease locus to reach intermediate frequencies
(5–10% or more). Such loci are likely to represent only a
small fraction of all the loci that are involved in disease
susceptibility, but they will contribute disproportionately to the
total population risk. They are also the loci that we can hope to
find using linkage or association scans. Thus, the class of genes
that we are looking for in the next generation of gene mapping
studies probably has a much higher total frequency of
susceptibility alleles than do most Mendelian loci. So what
does this mean for the extent of allelic heterogeneity?
It is interesting to compare the conclusions of the two studies
that have looked most directly at this question—those by
Pritchard (7) and by Reich and Lander (8). Apart from
technical differences (Reich and Lander used a deterministic
model for p, the total frequency of S alleles, while Pritchard
used a stochastic model), the major modelling differences were
that Reich and Lander used a lower mutation rate and
incorporated population growth. As noted above, Pritchard
favoured the higher mutation rate for complex disease loci in
part because such loci are substantially more likely to be
polymorphic. Modelling population growth appears to lead to a
considerably better description of very low-frequency alleles,
but it makes less difference for intermediate values of p (8). At
intermediate p, the population growth assumption has an effect
similar to reducing the difference in mutation rate between the
two studies. In the end, the numerical predictions about allelic
heterogeneity for intermediate p are not very different in the
two studies. But the conclusions differ in tone: Reich and
Lander described allelic identity above 0.1 as being a ‘simple’
allelic spectrum (compared with Mendelian diseases, presumably), even though this indicates the presence of many different
alleles, none at high frequency. For loci with the highest
mutation rates, Pritchard noted that ‘it is unlikely that any
single mutation will constitute a large fraction of the
susceptible class. In this case association mapping is not very
powerful’.
In summary, the theoretical predictions are somewhat, but not
entirely, encouraging. If current mutation rate predictions for
complex disease loci are in the right range (7,8), then it seems
that loci with intermediate p are not expected to have
devastating levels of allelic heterogeneity. But the levels of
heterogeneity are still likely to be problematic in many cases.
The current conception of association mapping one marker at a
time (6) or one ‘haplotype block’ at a time (12) will perform
poorly if the allelic identity is as low as 0.1. But allelic
associations with particular susceptibility variants should
extend over reasonably large distances (7), and it is plausible
that when there are multiple alleles, more sophisticated
statistical methods could extract considerably more information
from multilocus genotype data. From the viewpoint of
experimental design, it seems that positional cloning studies
and, to a greater extent, functional candidate studies, need to
perform extensive sequencing, in large numbers of individuals,
in case the variation that they are searching for consists of lowfrequency variants.
The NOD2 example provides a good cautionary tale for
would-be mappers of complex disease genes (24,25). Several
features contributed to the success in finding this gene despite

the presence of moderate allelic heterogeneity: the mutations
had relatively high penetrance (24), the gene made good
biological sense, and the susceptibility variants included a
frameshift mutation and several non-synonymous mutations.
But would our current mapping strategies be able to find a gene
with similar allelic architecture under less favourable circumstances—for example, with lower penetrance, in a gene of
unknown function, with multiple non-coding variants?
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